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Introduction

In scientific research, spectroscopy and diffraction experimental techniques are widely used and produce
huge amounts of spectral data. Learning patterns from spectra is critical during these experiments.
This provides immediate feedback on the actual status of the experiment (e.g., time-resolved status
of the sample), which helps guide the experiment and maximize the scientific output. To this end,
it is crucial to be able to employ efficient and automated or semi-automated methods capable of
extracting scientifically interesting features in the data.

In this thesis, we examine 1D diffraction spectra data from high-pressure X-ray diffraction (XRD)
experiments and in particular focus on the identification of phase transitions in samples investigated
by XRD. In these experiments, changes in pressure will cause changes in the unit cell [5], which are
reflected in the distribution of spectral peaks. During compression and decompression of the sample,
the generated time-resolved spectra can be considered as typical time series data. Detect phase
transition implies classifying these time-resolved spectra into three different categories, i.e., before,
during, and after the phase transition, which is based on the distribution of spectral peaks. Figure
shows X-ray scattering curves corresponding to an example dataset collected from FeO powder sample.
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Figure 1: X-ray scattering curves corresponding to an example dataset collected from FeO powder
sample. (a) Intensity distribution for different curves collected by applying different pressures drawn
as a contour plot. The horizontal lines correspond to representative curves shown in (b). Here, the
color black corresponds to the 'before the phase transition’, magenta to the transition, and brown to
the 'after the phase transition'. In (b) curves are shifted vertically to improve visualization.

Recently, Machine Learning (ML), especially deep learning (DL) models, opens up new avenues
for data-driven spectra analysis. They offer great potential for discovering intricate structures and
learning representations from high-dimensional data. While promising results have been demonstrated
in certain applications of spectra classification within the natural sciences domain, there remains
ample room for further exploration and advancement in this field, such as better data representation,
generalization and interpretability of models, and efficiency and automation of classification. It is
crucial to address these limitations while applying machine learning and deep learning techniques to



1D diffraction spectra classification to ensure reliable and meaningful results. In this thesis, we employ

tools (e.g., data analysis and machine learning) from the field of software engineering to tackle the

problem of diffraction spectra classification and in particular the identification of phase transitions in

samples investigated by x-ray powder diffraction.
Given that spectral classification is the domain-specific problem to be solved, the key features of

the spectral data should be considered when designing the ML-based classification models, as shown

below.

e The spectra have high dimensionality, with about 4000 features (data points) in each spectral

curve. Whereas the number of diffraction files is usually much smaller than the number of
features, in our use case there are 60-460 spectral curves in each dataset. This can easily lead
to the overfitting of ML models, especially for supervised ML models.

The most important information is the spectral peaks, e.g. the number, position, shape, and
intensity of the peaks reflect the main features of the evaluated sample. These features have local
and global dependencies in the diffraction angle dimension and are not independent. Statistical
models should focus on peak information while suppressing noise and irrelevant features as much
as possible.

The spectral data were collected during high-pressure experiments. In this case, the distribution
of the spectral peaks varies with the pressure (external variable), describing the dynamic process
of the phase transition. Thus, spectral data have a strong dependence on external variables,
which we uniformly refer to as time dependence.

This dissertation focuses on addressing the challenges outlined above by presenting several differ-
ent types of ML/DL methods tailored for spectra-like data, with the aim of achieving efficient and
automatic classification. The three main results of the thesis are the following:

We start with models with manual feature engineering. First, we propose a spectral
classification model based on PCA preprocessing and spectral clustering. Then, we
design a neural network-based ML model combined with a binned-weighting technique
for spectra classification.

. We introduce several end-to-end supervised classification models that eliminate the

need for feature engineering. In particular, the proposed convolutional SCT attention
model can learn better representations by modeling global dependencies in spatial,
channel, and temporal dimensions. In addition, we introduce a supervised contrast
learning framework and interpret the model in terms of traditional spectral descriptors.

We propose three self-supervised frameworks to classify 1D spectral data using a
minimal amount of labeled data. These frameworks are based on relational reason-
ing (SpecRR-Net), contrastive learning (SpecMoco-Net), or a combination of the
two (SpecRRMoco-Net). In addition, we discuss and validate augmentations rele-
vant to the case study discussed, ensuring the retention of scientifically meaningful
information.



I Spectra Classification with Manual Feature Engineering

The contributions of this thesis point are related to applying machine learning methods with feature
engineering to spectra classification.

Spectra Classification Model Based on the Principle Component Analysis
(PCA) and Spectral Clustering

When considering the application of machine learning methods to spectral data analysis, scientists
generally have two tools at their disposal: (i) clustering the data to distinguish between different
classes of samples, or (ii) labeling selected data to train a supervised classifier. We start with a
spectral clustering method [9], which is typically used in the data exploration phase. Specifically,
we present a spectra classification model based on the Principle Component Analysis (PCA) and
Spectral Clustering. In this model, PCA is applied to reduce the dimensionality, after which the
spectral clustering method is applied. To better explain the model, we investigated the contribution
of the original variables in spectra to the principle components in PCA and also tested the relationship
between the classification results and the number of PCs (Fig. [2). In addition, in the absence of
ground-truth label information, we propose the classification confidence metric for model evaluation.
The results in Fig. [2| show show that the method obtains consistently high-precision classification
results and that the obtained classification boundaries are very stable, fluctuating only within a small
range.
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Figure 2: Classification confidence with different explained variance value and PCs.

Despite the high performance we achieved on the example spectral dataset, there are still some
limitations in this method. First, determining the appropriate number or density of clusters in the
clustering method is a challenge, especially when dealing with complex and high-dimensional spectral
data, which often requires fine-tuning certain hyperparameters to obtain accurate results, thus hin-
dering automation performance. Second, the approach relies on PCA for preprocessing, which may
lead to the loss of important discriminatory information. Furthermore, this additional step of feature
engineering can impede automation, and introduce more complexity into the interpretation of the
model.



ML Model Combined With a Binned-Weighting Technique for Spectra Clas-
sification

To address these limitations of the clustering method, we further propose a data-driven neural network-
based statistical model [7] applied to spectra classification. Neural networks are chosen here due to
their ability to learn complex mappings between input and target spaces which makes them perfect
for our task. In this model, we transform our problem of finding and distinguishing features in a
set of 1D curves where the input is provided by the sequence of the spectral intensity values, into
a 2D segmentation problem where we input every point in the spectra with their 2 coordinates
(scattering angle, and azimuthally integrated intensity). Since classifying features in overlapping
regions is difficult, meaningless, and of low confidence, machine learning models with a binned-
weighting technique are proposed to minimize the misclassification of indistinguishable features in
overlapping regions. The believability weighting factor is calculated based on the classification accuracy
(separability) of the neural network for each bin. The solution proposed here can automatically find
regions (or bins) with high separability, as shown in Figure . The final classification label for each
spectral curve is calculated by the weighted sum of the point-wise classification results assigned by
the neural networks in each bin.
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Figure 3: The distribution of point-wise training accuracy (separability), and the believability weighting
factor for each bin.

In addition, we also investigated the performance of the model using a different number of bins.
The results show that the more bins applied, the higher the classification accuracy, thus the smaller
the ambiguous zone. We can conclude that the key to achieving high classification confidence in this
approach is to find bins with high separability indices.
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The Author’s Contributions

The author evaluated and compared clustering methods and chose the Spectral Clustering method
to analyze the spectra data. She studied the principal components (PCs) of the PCA method and
analyzed the contribution of the original variables to the PC. In addition, she tested the classification
confidence with different cumulative explained variance values in the PCA method. Furthermore,
the author performed the empirical validation of the neural-network-based ML model combined with
a binned-weighting technique for spectra classification and drew some key conclusions. She imple-
mented, analyzed, evaluated, and presented the results. Finally, she provided the analysis script as
Jupyter Notebooks for reproducibility.

Il End-to-End Deep Learning Methods for Spectra Classifica-
tion

The contributions of this thesis point are related to the development of end-to-end deep learning
models and an open-source interactive software application for spectra classification.

End-to-End Machine Learning Methods for Spectra Classification

To further improve the generality and automation of the classification models, we propose several deep
classification models in an end-to-end manner [8], eliminating the need for manual feature engineering.
We first extend the neural network model with weighting techniques to an end-to-end binned FCNN
(fully connected neural network) with the automatically capturing weighting factors model. With this
improvement, the local believability weighting factors of each bin are learned automatically during
training and are dynamically responsive to the input data, so the model can automatically prominent
features with high separability and suppress indistinguishable features with low separability.

More generally, the spectra classification problem can be regarded as a 1D time series classifica-
tion problem, and in this setting, the convolutional SCT (spatial-channel-temporal) Attention model
(Fig. [4)) is proposed. It is a hybrid model of CNN (convolutional neural network) and self-attention
architecture, where CNN is used to learn local features while self-attention is calculated across spa-
tial, channel, and temporal dimensions, enabling the model to focus on distinguishable features while
suppressing noisy and misleading ones. We also designed and implemented several other classification
models tailored for 1D spectra based on other state-of-the-art ML algorithms, such as FCNN, CNN,
Resnet, LSTM, and Transformer. These end-to-end solutions bring us closer to achieving efficient and
automated classification.

Furthermore, we evaluated and compared the classification performance of these deep end-to-end
learning models on an example experimental spectra dataset from multiple perspectives (Figand |§[)
The results show that the proposed models in 1D time series classification are superior. In addition, we
investigated all the models in the 1D time series classification setting further by a feature importance
analysis using gradients backpropagation [6]. In this experiment, we estimate the contribution of each
input feature to the classification prediction of each model. The results show that the convolutional
SCT attention model can best focus on classification-related features and suppress non-suppressible
noise features. In summary, on this basis, this work provides a standard baseline for 1D spectral time



: .2 El vnel| E| S E
weL Nyl o J8g | 2 iwBetE Multi-Head  |©° a”fi Sl g2 3
: 3-@ (N Temporal Attention| el o|g !
: ) CRRSHEIRE- e
777777777777 Feed
e A LoGovz agomvs | L Foward___
— pa \
. Multi-Head H :
2 h ] , C, E); e |
. N " ' o»‘ﬁ' £ o £ o Spatial Attention E £
input X[ reshape | =V | 5| 5| = 5 o|S 5 z
) 12| 8 =28 4 o
BRI 5l2lg 5 Bt
I ] S I3 :
BN EL|S g g 8 = g
| © <
i '

Figure 4: lllustration of convolutional SCT attention network architecture. In this architecture, atten-
tion is calculated across spatial, channel, and temporal dimensions.

series classification in an end-to-end manner.

Classification result of the End-to-end binned FCNN model
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Figure 5: Training information and classification result of the end-to-end binned FCNN with automat-
ically capturing weighting factors model.
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Figure 6: Training information and classification results of these models under the 1D time series data
classification problem setting.



Supervised Contrastive Learning for Spectra Classification

We further propose a novel classification framework based on supervised contrastive loss for one-
dimensional spectral classification of diffraction spectra, inspired by recent studies on supervised
contrastive learning [4]. Instead of optimizing the model solely with cross-entropy loss, we leverage
the power of contrastive learning to enable the model to learn more general representations from the
data. The backbone encoder utilized in our framework is based on the convolutional SCT attention
model described above.

To ensure the effectiveness and robustness of our proposed framework, we conduct experiments
on multiple diverse experimental diffraction spectra datasets, rather than relying on a single example
dataset for validation. Additionally, we aim to provide insights into the decision-making process of the
deep classification model and bridge the gap between complex models and physicists’ understanding.
Therefore, we interpret the model in terms of traditional spectral mode descriptors that are of particular
interest and relevance to physicists, such as peak position, width, and intensity.

Through the analysis and interpretation of the learned representations, we demonstrate that the
network has the capability to automatically extract physically meaningful peak information, which
is essential for accurate spectral classification tasks. This interpretation allows physicists to gain
valuable insights into the model's behavior and align it with their domain expertise, facilitating a
better understanding and utilization of the model in practical applications.

An Interactive Machine Learning Application for Spectra Classification

To enhance data analysis, model reuse, and the advancement of new methodologies, the thesis presents
an open-source interactive software program [12] specifically designed for spectral classification based
on these end-to-end supervised learning methods. By implementing the scripts on the Jupyter Note-
book platform and utilizing interactive runtime environments such as Mybinder and Google Colab, the
software program facilitates improved reproducibility, as well as effortless evaluation and exploration
of data and models.

The Author’s Contributions

First, the author conducted an in-depth analysis of diffraction spectra data and identified the need
for new classification models tailored specifically for spectra data. Then, the author introduced
novel end-to-end supervised classification models with the objective of improving performance and
enhancing automation and efficiency by eliminating the need for manual feature engineering. In order
to interpret the classification models, the author conducted a feature importance analysis based on
gradient backpropagation, providing insights into the significance of different features. In addition,
she proposed a spectral classification model based on supervised contrastive learning, which is the first
attempt to apply this method to diffraction spectra. Furthermore, the author interpreted the models
from multiple perspectives, employing traditional descriptors of diffraction spectral patterns relevant to
physicists, such as peak number, peak position, width, and intensity. Lastly, the author’s contribution
extends to the development of an open-source interactive software program that facilitates these
end-to-end approaches to spectral classification.



11l Self-Supervised Approaches for Spectra Classification

The contributions of this thesis point are related to the development of more automatic spectral
classification models based on self-supervised learning. These models are capable of learning discrim-
inative features and building effective representations, therefore greatly reducing the number of labels
required, making a step towards automating the spectral classification process.

Self-Supervised Spectra Classification Models

Although end-to-end supervised classification models, particularly the convolutional SCT attention
model, have shown high accuracy in learning data representations and making classification predictions
directly from raw data without the need for feature engineering, the data labeling in these methods
still hampers the automation process of spectral classification.

Linear Evaluation:

Self-supervised Pre-training via SpecRRMoco-Net 1D spectra classification
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Figure 7: Illustration of the proposed 1D spectra classification framework based on the self-supervised
SpecRRMoco-Net, which is a combination of Relational Reasoning Network (SpecRR-Net) and Mo-
mentum Contrast Network (SpecMoco-Net). The classification framework consists of two parts,
namely pre-training and linear evaluation of downstream spectral classification. In the pre-training
stage, the encoder f, is trained on unlabeled data to build useful representations; in the linear evalu-
ation stage, a small number of labels are used to perform the downstream spectral classification task,
where a linear classifier is trained on top of the frozen feature extraction encoder f,. Specifically, the
encoder is training by jointly minimizing the contrastive loss L.,,; in SpecMoco-Net, inter-sample re-
lational reasoning loss L;,.., the intra-sample relational reasoning loss L;,.q, and the inter-temporal
relational reasoning loss L;,,, in SpecRR-Net.

To address this limitation, this thesis introduces self-supervised classification frameworks [10] based
on self-supervised relational reasoning [2], [13] (SpecRR-Net), self-supervised contrastive learning [1}, 3]
(SpecMoco-Net), or a combination of both (SpecRRMoco). The pretext tasks and data augmentations
proposed in this work are specifically tailored to the scientific problem at hand, preserving physically
meaningful information. Additionally, an inter-temporal relational reasoning module is incorporated in
SpecRR-Net and SpecRRMoco-Net to capture temporal dependencies in time-resolved spectral data,
which significantly improves the quality of learned representations. These self-supervised models have
the ability to learn discriminative features and construct effective representations, thus reducing the
reliance on a large number of labels and advancing the automation of spectral classification. Moreover,



as a consequence of the reduced number of labels, scientists’ time is greatly optimized. Lastly, the
thesis emphasizes the importance of selecting appropriate data augmentations that are specifically
designed for the particular study case, ensuring the retention of scientifically meaningful information.

Self-Supervised Loss Function and its Validation

The proposed self-supervised loss function in the SpecRRMoco-Net unifies the relational reasoning-
based model (SpecRR-Net) and contrastive learning-based model (SpecMoco-Net), and is a linear
combination of these two networks. To our best knowledge, this is the first time they have been
combined together. We report on an ablation study on the combination coefficient in the loss function,
which was performed to understand its impact on learning data representations.

Comparison of These Self-Supervised Methods

We compare these three self-supervised classification models from several perspectives, including
performance in downstream classification tasks, as well as clustering power analysis, such as visual-
ization of embedded features learned by each model, and evaluation by Silhouette Score and Mutual
Information metrics. We concluded that SpecRRMoco-Net shows superior performance by benefit-
ing from contrastive learning and relational inference learning. Furthermore, by comparing with a
state-of-the-art self-supervised relational reasoning model (SpecSelfTime) without an inter-temporal
relational inference module, we also emphasize the importance of this module we introduced. Table
shows the average classification precision/recall of SpecRRMoco-Net, SpecRR-Net, SpecMoco-Net,
and SpecSelfTime, on Fe datasets and FeO datasets.

Model Fe FeO
Precision Recall Precision Recall

SpecSelfTime | 98.6 0.2 | 98.54+0.2 | 78.6 3.2 | 80.0 +4.3

SpecRR-Net | 99.24+0.3 | 99.1+£0.3 | 91.6 6.2 | 90.7 = 5.4

2.8% labels SpecMoco | 98.3+1.1 | 97.9+ 1.8 | 93.843.7 | 93.2+4.1
SpecRRMoco | 99.6+0.2 | 99.6+0.2 | 96.3+£3.2 | 96.5+2.4
SpecSelfTime | 98.6 0.5 | 98.5+0.5 | 80.5+2.7 | 82.0+3.9
10% labels | SPecRR-Net | 99.1=02 | 99.0£0.2 | 96.9+0.8 | 95.8+ 1.1

SpecMoco 99.3+£03 | 99.3£03 | 94.1+£0.7 | 93.7£0.7
SpecRRMoco | 99.6+0.2 | 99.54+0.2 | 97.1+1.8 | 96.9+ 1.3

Table 1: Classification results measured in terms of weighted precision and recall using different self-
supervised methods. For each method, the classification results are reported with amounts of labels
corresponding to either 2.8% or 10% of the total collected data.

Ablation Studies on the Data Augmentation

We also conducted an ablation study on data augmentations performed in order to evaluate their
impact on the models’ performances, emphasizing the need to tailor data augmentation approaches
to the specific case study. Figure [8] shows the linear evaluation under different data augmentation
techniques individually or in combination. In particular, the best result is achieved when 'magnitude
warping', is combined with 'diffraction angle warping’. It is worth noting that the data augmentation



involved in the self-supervised learning approaches respects the fundamental invariance of the physical
problem. We also observed that the sequence in which data augmentation techniques are applied may
have an impact on the results, as different orders yield distinct enhanced data due to the inherent
randomness associated with each data enhancement technique. As data augmentation is domain-
specific, it must be customized for data sets from different research areas.
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Figure 8: Ablation study on data augmentation techniques. Results for magnitude warping (M.W.),
window slicing (W.S.), diffraction angle warping (D.A.W.), jittering (Jitter), and scaling data aug-
mentation techniques are reported. The figure shows the average classification accuracy and standard
deviation (values in parentheses) for 20 runs with 2.8% of labeled data. In addition to this, diagonal
elements indicate the use of only one data augmentation technique, while other non-diagonal entries
indicate the combination of two data augmentation techniques. The color scale represents the classi-
fication accuracy.

An Open-Source Interactive Software Program Based on Self-Supervised
Learning Classification Models

Similar to the open-source interactive software program based on end-to-end supervised deep classifi-
cation models, we provide an interactive spectral classification program based on SpecRRMoco-Net.

It is worth noting that since self-supervised learning includes pre-training and linear evaluation, its
training process and preparation of training/test data are different from supervised learning models.
For example, pre-training in self-supervised learning methods is based on unlabeled data, and their
generation of training/test data and definition of excuse tasks involve data augmentation techniques.

The Author’s Contributions

The author’s contribution to this thesis point encompasses several key aspects. First, the author pro-
posed novel self-supervised classification models, including the design of pretext tasks and the selection
of data augmentation, to achieve improved automation and efficiency in spectral data classification.
Second, she conducted an ablation study on the selection of data augmentation techniques, crucial
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to ensure that scientifically meaningful information is retained. Furthermore, she implemented and
extensively validated these models using several experimental spectral datasets for a comprehensive
evaluation from multiple perspectives. In addition, the analysis and discussion of the results is also a
contribution of hers. Finally, she provided an interactive software program for spectral classification,
based on these self-supervised methods.
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Summary

The main results presented in the thesis are related to the employment of techniques such as data
analysis and machine learning in the field of software engineering to develop efficient, automatic, and
interpretable ML /DL-based classification models for 1D spectral classification. The models proposed
in this thesis take careful consideration of the unique features of spectral data.

The contributions of the thesis are grouped into three major thesis points. We start with models
with manual feature engineering. First, we proposed a spectral classification model based on PCA
and spectral clustering, which are typically used in the data exploration phase. Then, we designed a
neural network-based ML model combined with a binned-weighting technique for spectra classification
to minimize misclassifications of indistinguishable features in overlapping regions of different spectra.
In this model, the spectra classification problem is transformed into a 2D segmentation problem.
However, the high classification performance of both methods involves feature engineering, which
poses a challenge to the automation of the models and may limit their generalizability when applied
to different datasets.

Next, to achieve better classification performance and to get rid of manual feature engineering,
we proposed several deep classification models in an end-to-end manner. We focus on two proposed
classification models, namely the end-to-end binned FCNN with automatically capturing weighting
factors model when viewed as a 2D space segmentation problem and the convolutional SCT attention
model when viewed as a 1D time series classification problem. And several other end-to-end model
structures based on FCNN, CNN, ResNets, Transformer, and LSTM are explored. Finally, we evaluated
and compared the performance of these classification models from multiple perspectives. To further
increase the generability of the classification model, we introduce a supervised contrastive learning
framework for 1D spectral representation and classification. Additionally, we provided an interpretation
of this classification model in terms of traditional descriptors of spectral data.

Finally, we proposed three self-supervised frameworks to classify 1D spectral data using a min-
imal amount of labeled data. These frameworks are based on relational reasoning (SpecRR-Net),
contrastive learning (SpecMoco-Net), or a combination of the two (SpecRRMoco-Net). They are
capable of learning discriminative features and building effective representations, therefore greatly re-
ducing the number of labels required, making a step towards automating the spectral classification
process. We demonstrate the importance of a proper choice of data augmentations, which must be
tailored for the specific case of study to ensure the retention of scientifically meaningful informa-
tion. Finally, we provide a convenient software platform for spectral classification based on end-to-end
supervised classification models and self-supervised classification models.

Here, we also summarize the publications related to the various thesis points in Table [2]

No. | [9] | [7] ] [8] | [11] | [12]
/1. | o | @

/2. ° °

/3. ° °

Table 2: Thesis contributions and supporting publications
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